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Abstract
Few attempts have been made to incorporate multiple aspects of physical activity (PA) to classify
patterns linked with health. Temporal PA patterns integrating time and activity counts were created
to determine their association with health status. PA accelerometry data obtained from the crosssectional National Health and Nutrition Examination Survey 2003-2006 was used to pattern PA
counts and time of activity from 1,999 adults with one random valid weekday of activity. Dynamic
time warping and kernel k-means clustering partitioned 4 participant clusters representing
temporal PA patterns. Multivariate regression models determined associations between clusters
and health status indicators and obesity, type 2 diabetes, and metabolic syndrome. Participants in
Cluster 3, with a temporal PA pattern of activity counts reaching 9.6e4-1.2e5 cph between 16:0021:00, were associated with lower mean body mass index (BMI) (p<0.001) and waist
circumference (WC) (p<0.01), and 60% lower odds of obesity relative to normal weight status
compared to Cluster 1 with the lowest activity counts reaching 4.8e4 cph from 6:00-23:00 (OR:
0.4; 95% CI: 0.2, 0.8). Cluster 4 participants, with activity counts reaching 9.6e4 cph between 8:0011:00, were associated with lower BMI and WC compared to Cluster 1 (both p<0.05). U.S. adults
with temporal PA patterns of higher activity counts performed early (8:00-11:00) or late (16:0021:00) throughout the day had significantly lower mean BMI and WC compared with adults with
a pattern of lowest PA counts. Temporal PA patterns appear to meaningfully link to health status.
Keywords: temporal, timing, physical activity patterns, adults, health status, body mass index,
waist circumference, obesity.

Introduction
About 13% of the world’s adult population were considered obese in 2016 [1]. Obesity is both an
outcome and a contributor to disease development including type 2 diabetes (T2D) and metabolic
syndrome (MetS) [2,3]. Low physical activity (PA) is a potentially modifiable risk factor for
obesity [4].
Engaging the population in PA is a public health priority given its well documented beneficial
effects. Specifically, increased exercise has been shown to aid in weight loss [5], lower waist
circumference (WC) [6] and blood pressure [7]. Moreover, most previous PA research has focused
on the association between intensity or counts of PA and health [8–11]. Beyond these two aspects,
timing of activity may also be relevant to health. A few studies have shown a potential benefit to
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modulating time of activity in relationship with health outcomes [12–15]. A limitation of these
studies is a focus on vague unspecified parts of the day i.e., morning vs. evening without
considering the specific timing of activity throughout the day. Consideration of the pattern of
activity throughout a day, or “temporal PA patterns”, may provide insight to behavioral patterns
related to health, however studies on temporal PA patterns are scarce. One of the challenges is
utilizing methods that will characterize PA patterns as an exposure by integrating timing and other
characteristics of PA in relation to health.
Our previous work revealed an association between temporal dietary patterns and obesity using a
novel distance measure based on dynamic time warping (DTW) [16]. A similar methodology is
used herein to identify similarities in the time and counts of activity over a 24-hour period and to
perform dimensionality reduction. Groups exhibiting similar activity are expected to display
similar health status indicator values and risk of disease that are distinct from other temporally
defined groups. Thus, the hypothesis for this study is that differences in health status exist between
U.S. adult (aged 20-65 y) participant clusters demonstrating similar 24-hour temporal PA patterns
as generated from accelerometry data of the 2003-2006 National Health and Nutrition Examination
Survey (NHANES).

Methods
Participants and Data Collection
NHANES 2003-2006 used a complex, stratified, multistage probability sampling design to provide
a representative sample of the total civilian non-institutionalized U.S. population [17].
Sociodemographic characteristics were collected during the in-person household interview and
participants subsequently completed a health examination in the mobile examination center that
included anthropometric measurements, laboratory tests, and recruitment for the PA assessment
component. Consent was obtained from participants and NHANES protocols and content were
approved by the National Center for Health Statistics (NCHS) Research Ethics Review Board [18].
Analytic Sample
NHANES 2003-2006 included PA accelerometry data combined for this analysis. Inclusion
criteria specified non-pregnant U.S. adults aged 20-65 y with one random weekday of valid
accelerometer data and complete sociodemographic, anthropometric and laboratory data (n=1,999)
(Supplemental Figure 1). Pregnant women, children, adolescents, and adults older than retirement
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age were excluded because their daily activity patterns may include variation characteristic to the
life stages they represent [4].
Anthropometric Assessment and Laboratory Tests
Weight was measured using a digital scale to the nearest 0.1 kilogram [19]. Height and WC were
measured with a stadiometer and tape measure respectively, to the nearest 0.1 centimeter [19].
BMI was calculated as weight in kilograms divided by height in meters squared [20].
Blood was drawn and processed according to standard procedures [21,22]. Both short- and longterm health status indicators were included to investigate whether PA patterns would associate
with them differently. Fasting plasma glucose and triglycerides were assessed after participants
fasted ≥ 8-24 hours. Fasting plasma glucose was measured using a hexokinase method [23,24] and
triglycerides were measured enzymatically [25,26]. Hemoglobin A1c, total cholesterol, and highdensity lipoprotein cholesterol (HDL-C) were based on samples taken regardless of fasting state.
Hemoglobin A1c was measured with high performance liquid chromatography [27,28], total
cholesterol was measured enzymatically, and HDL-C was analyzed using a direct HDL-C
immunoassay method [29,30]. Blood pressure was measured following standard procedures; the
average value for up to three measurements was used [31].
Disease Categories
Disease categories included obesity, T2D, and MetS. T2D classification was based on fasting
plasma glucose (≥126 mg/dL), hemoglobin A1c (≥ 6.5%) or self-reported: “yes” in response to the
question “have you ever been told by a doctor you have diabetes?” or to using glucose-lowering
medications [32]. The National Cholesterol Education Program Adult Treatment Panel III
definition of MetS was classified based on the presence of ≥3 of the following risk factors: 1) WC
(>102 cm for men, >88 cm for women); 2) triglycerides (>150 mg/dL) or taking antihyperlipidemic
medications; 3) HDL-C (<40 mg/dL in men, <50 mg/dL in women); 4) hypertension (>130/>85
mmHg) or taking antihypertensive medications; and 5) impaired fasting glucose (>110 mg/dL) or
taking glucose-lowering medications [33].
Accelerometer Data Collection and Analysis
The ActiGraph model 7164 accelerometer was used to collect objective information on
participants’ PA. The Actigraph records vertical accelerations as “counts” representing the relative
intensity of each movement [34]. Monitors recorded 7 days of activity from 12:01 a.m. the day
after the health examination [35]. Ten hours of wear time was considered a valid day which was
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calculated by subtracting non-wear time from the total daily observation time [36]. Given the
exploratory nature of this analysis, one random weekday of accelerometer data was chosen from
each person’s valid days so that each valid day had an equal chance of being selected. Inclusion of
all activity types has the advantage of holistically evaluating PA links to health and aligning with
the goals of the study. Total activity counts (TAC)/day, a proxy for total volume of PA performed
and accounting for minutes spent in sedentary, light, moderate, and vigorous activity [37] was used
to investigate PA patterns distributed over a 24-hour day.
Temporal Physical Activity Patterns
Temporal PA patterning was defined by partitioning of a PA dataset into mutually exclusive
clusters using cluster analysis that incorporates timing, intensity and duration of activity. This
study mainly focused on a distance-based method for the patterning research. Several distance
measures for comparing time series were investigated including the constrained DTW with SakoeChiba band (CDTW) and the modified DTW (MDTW) based on previous work to pattern dietary
intake [38]. The original and the compact representation of PA time series are the required input
format by CDTW and MDTW, respectively. The original PA time series is one-dimensional of
length 1440, with each entry representing PA counts at the corresponding minute. Leveraging the
sparsity of PA data, the original PA time series was converted into its “compact representation”
by summing PA counts in each hour and extracting the counts and hourly time stamps of non-zero
hours to form a new time series of two dimensions (PA counts and time stamp). CDTW and
MDTW belong to the elastic distance family and find the optimal matching path among counts of
activity in two time series [38]. The matching is “optimal” in the sense that the summed difference
between matched counts is minimized. The Sakoe-Chiba bandwidth in CDTW and the weight
parameter beta in MDTW are controlling parameters to avoid pathological matchings (e.g.,
matching morning to evening activities). While the Sakoe-Chiba band rigorously limits the
maximum time difference between matched entries, the weight parameter beta controls the
matching through a time difference penalty term: larger beta indicates more penalty on matching
entries that are different in time. Bandwidths ranging between 60-720 min (60-min increments)
and beta ranging from 0-10 (1 increment) were explored in CDTW and MDTW, respectively.
Further, the distance measures were coupled with kernel k-means algorithm [41] to partition the
time series into mutually exclusive clusters such that intra-cluster activity occasions are more
similar and inter-cluster activities are more different. In this way, each cluster represents a specific

6
temporal PA pattern. Cluster number k=4 was selected to maintain consistency with previous
development of temporal patterning [38,40,42]. CDTW with bandwidth 240 min (representing a
constraint of a maximum of 4 hours between two matched activity occasions) performed the best
compared with CDTW over the values of bandwidth and compared with MDTW over the values
of beta based on inferential analyses with health status indicators prioritized as: 1) most significant
differences between six pairwise comparisons, 2) highest model R2, and 3) largest difference
between highest and lowest mean of health status indicators.
Statistical Analysis
The Rao Scott F adjusted chi-square statistic was used to determine significant differences among
clusters by selected characteristics: survey year (2003-2006), sex (male or female), race/ethnicity
(Mexican American and other Hispanic, Non-Hispanic white, Non-Hispanic black, and other-race
including multi-race), age groups (20-34, 35-49, and 50-65 y), employment status (employed or
unemployed), marital status (married/living with a partner or single/divorced/separated/widowed),
household size (1-3 people or >4 people), poverty to income ratio (PIR), and BMI categorized as
underweight (<18.5 kg/m2), normal weight (18.5-24.9 kg/m2), overweight (25.0-29.9 kg/m2), and
obese (≥30.0 kg/m2) [20]. PIR was calculated as reported household income divided by the federal
poverty guideline for household income (0-0.99, 1-1.99, 2-2.99, 3-3.99, 4-4.99, and ≥5). Potential
collinearity between confounders employment status and PIR as well as between marital status
and household size were investigated and results indicated absence of collinearity as per low
variance inflation <10 and high tolerance values >0.1.
Analysis of variance determined differences in means of health status indicators by temporal PA
patterns. Multiple linear regression models determined associations between temporal PA patterns
and health status indicators. For risk of obesity, T2D and MetS, multivariate logistic regression
was used to estimate odds ratio comparing the four temporal PA patterns. Potential confounders
included survey year, sex, age group, race/ethnicity, employment status, marital status, household
size, PIR, TAC and BMI (except for models with BMI, WC, and obesity as the outcome). Power
calculations were performed for outcomes BMI and WC a priori to examine whether effect size
considered to be clinically meaningful [43-45] could be reliably detected using the study sample.
Survey weights were constructed for the 2003-2006 survey years as directed by the NCHS [46].
Sampling weights were rescaled so that the sum of the weights matched the survey population at
the midpoint of the 4 years. Adjustment for the complex survey design including clustering and
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stratification followed NCHS guidelines [47]. Comparisons between groups were considered
statistically significant when p<0.05/6 (Tukey-Kramer type adjustment for multiple comparisons).
Analyses used SAS survey procedures in version 9.4.
Visualization
The visualization (Figure 1) illustrates the distribution of non-zero PA counts in each cluster using
heat maps. Each activity occasion in the heat map is marked by its time stamp and PA counts.
Time axis ranged from 0=12:00 to 24:00 the next day with PA counts ranging from 0 to > 1.2e5 at
a particular hour. The proportion of individuals that had the corresponding activity is indicated
through shading and ranged from 0% to 12.6% of each cluster with darker shading signifying a
greater proportion of the cluster engaged in the specified PA counts at that hour. Figure 1 exhibits
four distinct temporal PA patterns. Figure 2 adds color to differentiate the 4 clusters.

Figure 1 Heat maps for CDTW clusters (A-D) which depict activity counts ranging from 0
counts/hour (cph) to > 1.2e5 cph (y-axis) for U.S. adults ages 20-65 y as drawn from NHANES
2003-2006 over a 24-hour day from time 0=12:00 to 24:00 the next day (x-axis). The proportion
of the sample is indicated by the inverse gray-scale legend with 0.0% of the cluster participants to
12.6% of the cluster participants.
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Figure 2 Heat maps for CDTW clusters (C1-C4) which depict the distribution of the largest
activity occasion within each cluster for U.S. adults ages 20-65 y as drawn from NHANES 20032006. The activity counts ranged from 0 cph to >1.2e5 cph (y-axis) over a 24-hour day from time
0=12:00 to 24:00 the next day (x-axis). The proportion of the sample is indicated by the inverse
color-scale legend with 0.0% of the cluster participants to 6.1% of the cluster participants.

Results
Characteristics of participants are presented in Table 1. Clusters 2 and 3 included proportionately
equivalent numbers of participants, 12.4% and 16.8%, respectively, whereas Cluster 1 had the
largest proportion (39.2%) followed by Cluster 4 (31.6%). Significant differences were present
among clusters by sex, age, employment status, marital status, household size, PIR, and BMI.
Females were more heavily represented in Cluster 1 (64.1%), while males featured more
prominently in Cluster 2 (78.9%). Additionally, Cluster 1 included a higher proportion of age
group 50-65 y compared to other age groups (47.8%), whereas Clusters 2 and 3, included a higher
proportion of the age group 20-34 y (44.9% and 45.5%, respectively). Compared to all the other
clusters, Cluster 1 included the lowest proportion of employed individuals (58.0%). Moreover, all
clusters included a larger proportion of individuals who are married/ living with a partner and a
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household comprising 1-3 individuals compared to four or more. Further, smaller proportions of
individuals at the lowest household PIR (0 to 0.99) were included in Cluster 2 (14.6%), Cluster 3
(14.9%) and Cluster 4 (14.5%), whereas larger proportions were included in Cluster 1 (18.6%).
The proportional representation of Clusters 2, 3 and 4 in the higher ratios of PIR of ≥ 5.00
compared with Cluster 1 was also observed. Regarding BMI, normal weight was more highly
represented in Clusters 2 and 3 (42.5% and 37.8%, respectively); while obese category was more
heavily represented in Clusters 1 and 4 (45.8% and 33.8%, respectively) compared to the other
two clusters.
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Table 1 Characteristics of clusters representing temporal PA patterns of U.S. adults ages 20-65 y
NHANES 2003-2006 (n=1,999).
Characteristic

Total (n)

Cluster 1

Cluster 2
n (%)
247 (12.4)

Cluster 3

Cluster 4

p-valuea

Total
1999
783 (39.2)
336 (16.8)
633 (31.6)
Survey year
0.37
2003-2004
975
384 (49.0)
120 (48.6)
178 (53.0)
293 (46.3)
2005-2006
1024
399 (51.0)
127 (51.4)
158 (37.0)
340 (53.7)
Sex
<0.0001
Male
1029
281 (35.9)
195 (78.9)
185 (55.1)
368 (58.1)
Female
970
502 (64.1)
52 (21.1)
151 (44.9)
265 (41.9)
Race/Ethnicity
0.08
Mexican American 428
143 (18.3)
53 (21.5)
61 (18.2)
171 (27.0)
Other Hispanic
58
17 (2.2)
9 (3.6)
10 (3.0)
22 (3.5)
Non-Hispanic
982
387 (49.4)
124 (50.2)
178 (53.0)
293 (46.3)
white
Non-Hispanic black 427
187 (23.8)
54 (21.9)
66 (19.5)
120 (19.0)
Other
104
49 (6.3)
7 (2.8)
21 (6.3)
27 (4.2)
Age group (year)
<0.0001
20-34
616
177 (22.6)
111 (44.9)
153 (45.5)
175 (27.6)
35-49
691
232 (29.6)
93 (37.7)
113 (33.6)
253 (40.0)
50-65
692
374 (47.8)
43 (17.4)
70 (20.9)
205 (32.4)
Employment Status
<0.0001
Employed
1448
454 (58.0)
211 (85.4)
260 (77.4)
523 (82.6)
Unemployed
551
329 (42.0)
36 (14.6)
76 (22.6)
110 (17.4)
Marital status
0.01
Married/living with 1311
497 (63.5)
159 (64.4)
200 (59.5)
455 (71.9)
a partner
Single, divorced,
687
285 (36.4)
88 (35.6)
136 (40.5)
178 (28.1)
separated, widowed
Household size
0.0004
1-3 people
1255
549 (70.1)
140 (56.7)
209 (62.2)
357 (56.4)
4 or more people
744
234 (29.9)
107 (43.3)
127 (37.8)
276 (43.6)
Household PIR
0.02
0-0.99
324
146 (18.6)
36 (14.6)
50 (14.9)
92 (14.5)
1.00-2.99
459
181 (23.1)
59 (23.9)
73 (21.7)
146 (23.1)
2.00-2.99
308
138 (17.6)
37 (15.0)
47 (14.0)
86 (13.6)
3.00-3.99
297
106 (13.6)
41 (16.5)
39 (11.6)
111 (17.5)
4.00-4.99
189
72 (9.2)
18 (7.3)
36 (10.7)
63 (10.0)
422
140 (17.9)
56 (22.7)
91 (27.1)
135 (21.3)
≥ 5.00
BMIb
<0.0001
Underweight
26
14 (1.8)
3 (1.2)
5 (1.5)
4 (0.6)
Normal weight
575
176 (22.5)
105 (42.5)
127 (37.8)
167 (26.4)
Overweight
682
234 (29.9)
87 (35.2)
113 (33.6)
248 (39.2)
Obese
716
359 (45.8)
52 (21.1)
91 (27.1)
214 (33.8)
Abbreviations: BMI body mass index, PIR poverty to income ratio.
a
Rao Scott F adjusted χ2 p-value is a goodness-of-fit, one-sided test; statistical significance is indicated when
p<0.05. Analyses were adjusted for clustering and stratification. Sample weights were constructed and applied to
the analysis as directed by NCHS. Weight were rescaled so that the sum of the weights matched the survey
population at the midpoint of the 4 years covering 03-06.
b
BMI: categories were defined per the World Health Organization [20]
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Characteristics of Temporal Physical Activity Patterns
Compared to all other clusters, Cluster 1 demonstrated the lowest activity counts reaching up to
4.8e4 cph for activity occasions from 6:00 to 23:00 (Figure 1 and Table 2). A more prominent
decrease in activity was observed towards the end of the day between 19:00 to 21:00 with activity
reaching up to 1.2e4 cph. Contrarily, Cluster 2 revealed a pattern with the highest activity counts
reaching >1.2e5 cph; the activity tended to taper off with a higher percentage of the cluster
performing activity reaching up to 7.2e4 cph after 18:00. Cluster 3 demonstrated low activity
counts reaching up to 4.8e4 cph between 6:00 to 12:00, whereas the level of activity tended to
increase towards later hours reaching up to 9.6e4-1.2e5 cph between 16:00 to 21:00. The activity
counts in Cluster 4 were lower compared to Clusters 2 and 3 reaching 9.6e4 cph between 8:00 to
11:00 and activity counts tended to be lower towards later hours of the day reaching up to 4.8e4
cph after 18:00. Generally, in all of the clusters, the percentage of participants engaging in high
activity counts tended to be lower compared to the percentage of participants engaging in low
activity counts. Figure 2 confirms patterns revealed in Figure 1, variation in the unique patterns
inherent to each cluster are apparent regarding highest and lowest activity throughout the day.

12
Table 2 Qualitative description of clusters representing temporal PA patterns of U.S. adults ages
20-65 y NHANES 2003-2006 (n=1,999).
Cluster 1

Cluster 2

Cluster 3

Cluster 4

Characteristics
n (%)

783 (39.2)

247 (12.4)

336 (16.8)

633 (31.6)

Low PA counts
throughout the day
with a sharp decline
between 19:0021:00

High PA counts
throughout the
day with a decline
after 18:00

Lower PA counts
between 6:0012:00

Higher PA counts
between 8:00-11:00

Higher counts
between 16:0021:00

Lower counts after
18:00

Higher percentage
~3-8% engaged in
PA counts
reaching up to
7.2e4 cph

Higher percentage
~4-9% engaged in
PA counts
reaching up to
4.8e4 cph

Higher percentage
~4-10% engaged in
PA counts reaching
up to 4.8e4 cph

Lower percentage
~1-4% engaged in
PA counts
between 7.2e4>1.2e5 cph
Abbreviations: cph counts per hour, PA physical activity

Lower percentage
1-2% engaged in
PA counts
between 7.2e41.2e5 cph

Lower percentage
~1-4% engaged in
PA counts between
4.8e4 - 9.6e4 cph

Overall temporal pattern

Percentage of cluster
engaging in high vs. low
activity within cluster

Higher percentage
~6-12% engaged in
low PA counts
reaching up to 1.2e4
cph
Lower percentage
~1-3% engaged in
PA counts between
2.4e4-4.8e4 cph

Association of Temporal Physical Activity Patterns with Adiposity and Chronic Disease
Significant differences in mean BMI and WC were present among all clusters except for Clusters
2 and 3 in the unadjusted model (Supplementary Tables 1 and 2). In the adjusted models,
significant differences in mean BMI between all clusters remained except between Clusters 2 and
3 as well as 3 and 4 (Table 3). Significant differences in mean WC were present between all clusters
except Clusters 2 and 3 as well as 2 and 4 in the adjusted models (Table 4). The significantly
different mean BMI was greatest between Clusters 1 and 2 (β=2.7±0.6 kg/m2, 95% CI: 1.1, 4.3),
similar to the results of the unadjusted model (β=3.5±0.5 kg/m2, 95% CI: 2.1, 5.0; Supplementary
Table 1). The significantly different mean WC was greatest between Clusters 1 and 3 (β=6.4±1.3
cm, 95% CI: 2.8, 10.0), similar to the results of the unadjusted model (β=7.4±1.2 cm, 95% CI: 4.2,
10.6; Supplementary Table 2).
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Table 3 Mean BMI (kg/m2) and covariate-adjusted regression model results for clusters
representing temporal PA patterns of U.S. adults ages 20-65 y as drawn from the NHANES, 20032006a.
Adjusted
modelsb

n (%)

BMIc,
(kg/m2)

βd ± SE
compare
to
Cluster 2
2.7 ± 0.6

95% CI

βd ± SE
compare
to
Cluster 3
2.5 ± 0.6
-0.2 ± 0.5

95% CI

βd ± SE
Compare
to
Cluster 4
1.5 ± 0.5
-1.3 ± 0.5
-1.1 ± 0.5

95% CI

Cluster 1
783 (39.2) 30.3 (0.3)
1.1, 4.3e
1.0, 4.1e
0.1, 2.8f
Cluster 2
247 (12.4) 26.9 (0.4)
-1.5, 1.1
-2.5, -0.0f
Cluster 3
336 (16.8) 27.3 (0.3)
-2.3, 0.1
Cluster 4
633 (31.6) 28.6 (0.2)
Abbreviations: BMI body mass index, SE standard error
a
Significant differences among clusters in mean BMI were present amongst all clusters except Clusters 2 and 3 in the
unadjusted model at p<0.05 (see Supplementary Table 1).
b
Models were adjusted for survey year, sex, age, employment status, marital status, household size, race/ethnicity,
poverty to income ratio, and total activity counts/day.
c
Values are Mean (SEM).
d
ß represents difference between mean BMI of cluster and reference cluster. Differences in mean BMI are different
than those between raw means because they represent differences in least square means.
Significance level: ep<0.001 fp<0.05

Table 4 Mean WC (cm) and covariate-adjusted regression model results for clusters representing
temporal PA patterns of U.S. adults ages 20-65 y as drawn from the NHANES, 2003-2006a.
Adjusted
modelsb

n (%)

WCc, (cm)

βd ± SE
compare
to
Cluster 2
5.9 ± 1.6

95% CI

βd± SE
compare
to
Cluster 3
6.4 ± 1.3
0.5 ± 1.3

95% CI

βd ± SE
Compare
to
Cluster 4
3.6 ± 1.3
-2.3 ± 1.2
-2.8 ± 1.0

95% CI

Cluster 1
783 (39.2) 101.4 (0.6)
1.6, 10.2e
2.8, 10.0e
0.1, 7.0f
Cluster 2
247 (12.4) 94.2 (0.9)
-3.0, 3.9
-5.6, 0.9
Cluster 3
336 (16.8) 93.9 (0.8)
-5.6, -0.1f
Cluster 4
633 (31.6) 97.6 (0.6)
Abbreviations: WC waist circumference, SE standard error
a
Significant differences among clusters in mean WC were present amongst all clusters except Clusters 2 and 3 in the
unadjusted model at p<0.05 (see Supplementary Table 2).
b
Models were adjusted for survey year, sex, age, employment status, marital status, household size, race/ethnicity, poverty
to income ratio, and total activity counts/day.
c
Values are Mean (SEM).
d
ß represents difference between mean WC of cluster and reference cluster. Differences in mean WC are different than
those between raw means because they represent differences in least square means.
Significance level: ep<0.01 fp<0.05

Significant differences in the odds of obesity relative to normal weight status were present between
all clusters except Clusters 1 and 4 as well as 2 and 3 in the unadjusted model (Supplementary Table
3). In adjusted models, significant differences were present between all clusters except Clusters 1 and
4 as well as 2 and 3 (Table 5). The significantly different odds of obesity was greatest between
Clusters 1 and 2 (OR: 2.9, 95% CI: 1.3, 6.7), similar to results in the unadjusted model (OR: 3.8, 95%
CI: 2.0, 7.2; Supplementary Table 3).
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Table 5 Odds of obesity relative to normal weight status and covariate-adjusted regression model
results for clusters representing temporal PA patterns of U.S. adults ages 20-65 y as drawn from the
NHANES, 2003-2006a.
Adjusted
modelsb

n (%)

ORc,d
compare to
Cluster 2
2.9

95% CI

ORc,d
compare to
Cluster 3
2.4
0.8

95% CI

ORc,d
compare to
Cluster 4
1.3
0.5
0.6

95% CI

Cluster 1
783 (39.2)
1.3, 6.7e
1.3, 4.4e
0.7, 2.4
Cluster 2
247 (12.4)
0.4, 1.6
0.2, 0.9e
Cluster 3
336 (16.8)
0.3, 0.9f
Cluster 4
633 (31.6)
a
Significant differences among clusters in odds ratio of obesity relative to normal weight status in the unadjusted
model were similar to those in the adjusted model at p<0.01 (see Supplementary Table 3).
b
Models were adjusted for survey year, sex, age, employment status, marital status, household size, race/ethnicity,
poverty to income ratio, and total activity counts/day.
c
OR represents odds ratio of obesity relative to normal of cluster and reference cluster.
d
Obesity was defined as BMI ≥ 30 kg/m2 [20].
Significance level: ep<0.01 fp<0.05

Unadjusted and adjusted model results for the other health status indicators, T2D and MetS are
available in Supplementary Tables 4-21. In the adjusted models, one significant difference was
present in mean hemoglobin A1c between Clusters 1 and 3 (β=0.2, 95% CI: 0.0, 0.4;
supplementary table 5) and in odds of T2D between Clusters 2 and 4 (OR: 3.1, 95% CI: 1.2, 8.1;
supplementary table 7). There were no significant differences in the adjusted models of all other
examined health status indicators and MetS (Supplementary Tables 9,11,13,15,17,19,21).

Discussion
Temporal PA patterns are associated with BMI, WC and obesity. Clinical relevance of differences
in mean BMI and WC associated with temporal PA patterns may be contended [43-45]. Therefore,
observed mean differences in health status indicators imply that temporal PA patterns may be an
important health exposure that holds promise for early detection of lifestyle factors promoting
health and disease in the population. Reverse causation in the observed associations cannot be
ruled out using the cross-sectional study design, nevertheless, the aim of this study was not to
establish causation but to examine whether developed patterns using a novel methodology
meaningfully link to health.
An abundance of research examines the relationship between PA and health. Most studies have
focused on categorizing participants based on intensity and frequency of activity [48–50], while
others examined daily PA patterns focused on distinct time periods such as type of day (weekday
vs. weekend) [51], activity phenotypes including “weekend warrior” [52,53], and seasonality [54].
A few studies investigated diurnal patterns of PA (data collected over 5-7 days) and health [55–
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58]. Distinct temporal PA patterns observed in this study have been detected by two other studies
that used k-means and x-means clustering approaches to derive clusters using time and overall
activity measured by metabolic equivalent of tasks (METs) [55,56]. Similarities with the current
study include presence of an overall inactive/low activity pattern (Cluster 1) and two patterns of
higher activity that differed in timing of activity “afternoon engaged/morning engaged” [55] or
“moderately active/evening active” [56] (“early/late peaks” in activity in Clusters 4 and 3,
respectively).
Cluster 1 was associated with significantly higher BMI, WC, and odds of obesity compared with
Clusters 2 and 3, which demonstrates that a lower activity pattern is linked with the most adverse
health outcomes as evidenced by prior research [48,59,60]. This cluster included the highest
number of participants (39.2%) which supports evidence of a high level of sedentary behavior
among U.S. adults [4,61,62]. Moreover, Cluster 1 predominantly includes ages 50-65 y, which is
consistent with evidence that activity tends to decline with age [63].
Findings of significantly lower mean BMI and WC associated with Clusters 2, 3, and 4 compared
with Cluster 1 with the lowest activity counts as well as significantly lower odds of obesity
associated with Clusters 2 and 3 (higher activity counts throughout and later in a day, respectively)
compared to Clusters 1 and 4 (low activity counts throughout or early in a day, respectively)
support previous literature showing that higher activity counts are associated with improved health
status [10,11,64], but add new information regarding the timing of these patterns. Additionally,
the significantly lower mean WC and odds of obesity in Cluster 3 (higher PA counts performed
between 16:00-21:00) compared to Cluster 4 (higher PA counts performed between 8:00-11:00) is
interesting as models controlled for TAC thus, these findings may indicate that observed
differences could be explained by temporal differences in these patterns. Limited evidence exists
regarding the relevance of time of activity through the day in terms of links to health [55–58], so
further development of temporal PA patterns may allow additional exploration of time as a
potentially important factor.
Certain sociodemographic characteristics such as those included in this study (Table 1) have been
shown to be associated with PA-related differences in health. Temporal PA patterns with higher
counts (Clusters 2, 3, and 4) were more heavily represented by males, which corroborates trends
observed in two U.S. surveillance systems showing males were significantly more likely to be
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physically active compared to females [65]. Additionally, the low proportion of participants with
PIR level of 0-0.99 included in the clusters with higher PA counts and a respectively high
proportion of participants with PIR level of 0-0.99 included in the cluster with the lowest activity
counts (Cluster 1) supports findings of an inverse relationship between prevalence of PA and
household poverty level [63].
Elements other than intensity and duration of activity such as time of activity can be an important
aspect of PA patterns and may describe PA better within the context of lifestyle. Moreover, timing
of activity occasions may also be tied to dietary intake and sleep-wake regimens. For instance, an
individual with a “night owl” behavior pattern may have a greater evening preference and choose
to exercise later compared to one with an “early bird” morning preference [66]. Insights to these
behaviors within a day and as part of an overall routine over the long-term (months and years) may
reveal stronger associations to health compared to their separate consideration and allow for more
targeted interventions based on overall lifestyle. Further, the rapid accumulation of data on health
behaviors through technology-assisted assessment tools including those targeting dietary and
activity patterns will provide additional data for future investigation of whether and how the timing
of these activities influences health. Integrating these data will add further knowledge of how daily
behavioral patterns may contribute to metabolic dysfunction and chronic disease.
Strengths of this research include the use of a comprehensive approach to classifying PA exposure
that considers the complexity of activity over a 24-hour period. Limitations of this study include
the cross-sectional nature which provides a snapshot of the participants’ activity patterns and
cannot demonstrate causation. Also, the sample size represented ~8% of the original sample of
participants; therefore, study results should be interpreted with caution. Attrition was mostly
attributable to the age range 20-65 y and the inclusion of health status indicators examined in a
fasting subsample of participants (both criteria resulted in ~84% loss of the original sample).
Additionally, one valid weekday was used to represent activity occasions of the participants; since
information regarding the distribution of timing of activity patterns over multiple days is limited,
exploration of the time, counts, and sequence of activity over multiple days represents a research
gap for future study. Furthermore, though a valid day has been shown to be sufficient for producing
reliable population-level estimates of accelerometer-measured activity [67], patterns of activity
could differ based on type of day and may potentially vary more on the weekends compared with
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the weekdays. Finally, accelerometers do not capture all types of activity including static activities
[35] and may not represent the true activity levels of the U.S. population [52].

Conclusion
In this cross-sectional study, temporal PA patterns were found to be associated with BMI, WC,
and obesity. Individuals with higher activity counts performed throughout the day, early (8:00 to
11:00) or late (16:00 to 21:00) in a day exhibited lower mean BMI and WC compared to those
with lower activity counts. The incorporation of time of day with total counts and sequence of
activity is possible to create temporal PA patterns that are related to health. Future analysis of
prospective cohort studies is needed to examine whether these patterns are linked to chronic
disease.
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